The risk of malaria transmission worldwide is expected to increase with climate change. In order to estimate the welfare implications, we analyse the factors that explain willingness to pay to avoid malaria morbidity using a meta-analysis. We fail to replicate a previous meta-analysis, despite using a near-identical dataset. Thus, this paper outlines a more robust approach to analysing such data. We compare multiple regression models via a cross-validation exercise to assess best fit, the first in the meta-analysis literature to do so. Weighted random effects gives best fit. Confirming previous studies, we find that revealed preferences are significantly lower than stated preferences; and that there is no significant difference in the willingness to pay for policies that prevent (pre-morbidity) or treat malaria (post-morbidity). We add two new results to the morbidity literature: (1) Age has a non-linear impact on mean willingness to pay and (2) willingness to pay decreases if malaria policies target communities instead of individual households.
Introduction
Since 2000, the world has seen a general decline in the rate of malaria transmission. Through benchmarks, such as the Millennium Development Goals, and programmes, such as Roll Back Malaria (RBM), malaria mortality rates dropped by 42 per cent between 2000 and 2012. This is in line with meeting the WHO targets for malaria, which is a 75 per cent reduction by 2015 (Tuschman 2013) . However, recent developments are threatening to undo this progress. For example, it has been well-documented that malaria is sensitive to weather variations and climate change (Bouma and Kaay 1996) . This implies that the risk of malaria transmission may increase with climate change in certain regions (Patz et al. 2002; McMichael, Woodruff, and Hales 2006) , as also reported by the Intergovernmental Panel on Climate Change (IPCC 2014) .
In order to design effective policies against malaria, cost-benefit analysis (CBA) helps in evaluating alternative courses of action (Mills, Lubell, and Hanson 2008) . This paper focuses on the benefits of reduced malaria incident rates. Willingness to pay is a measure of the monetary value of the utility differential caused by an alternative health state (Brouwer and Bateman 2005) . We focus on the willingness to pay for reduced malaria morbidity.
The valuation literature has seen a surge in studies that measure WTP to avoid or treat various diseases, including malaria. For malaria, WTP studies can be found from 1993 (Weaver et al. 1993) until the present (Aleme, Girma, and Fentahun 2014) . An effective method of summarizing these studies is to systematically analyse their results in a meta-analysis. Meta-analysis is a statistical approach to synthesize the main findings from different studies focusing on a similar phenomenon or target variable, and identifying sources of variation in their measurement (Van Houtven 2008) . In this case, we focus specifically on the measurement of WTP to avoid or treat malaria. A meta-analysis has the distinct advantage in that it avoids potential researcher selection bias when one summarizes measurements across the literature. Additionally, meta-analysis facilitates the transfer of benefit values across different settings (Brouwer 2000) .
The literature concerning WTP to avoid malaria morbidity has already been summarized by Trapero-Bertran et al. (2012) . Our study builds upon that existing study and adds to it in a number of ways: We extend the database with other studies, add new explanatory factors and improve the econometric framework. Our main objective is to explain the differences in average WTP to avoid morbidity risk due to malaria, using a meta-analysis.
The average WTP value from the individual malaria valuation studies is the dependent variable. Using regression analysis, we examine to what extent methodology-related (e.g. revealed preferences versus stated preferences), sample population-related (e.g. age, income) and policy-related (e.g. specific treatment) explanatory variables have a systematic impact on WTP to avoid malaria morbidity.
The rest of the paper is organized as follows: Section 2 provides an overview of the methodology and previous meta-analyses, Section 3 explains the data collection procedure, Section 4 summarizes the data, Section 5 presents the analysis and Section 6 concludes.
Meta-analysis

Methodology
A meta-analysis aims to systematically describe empirical findings. A number of publications give guidelines to constructing datasets and analysing them (Stanley 2001; Smith and Pattanayak 2002) . We follow Van Houtven (2008) and Nelson and Kennedy (2009) . Nelson and Kennedy (2009) reviews 140 published valuation meta-analyses in terms of 5 aspects: (i) sample selection criteria, (ii) basic data summary, (iii) primary data heterogeneity, (iv) treatment of heteroskedasticity and (v) robustness checks. Van Houtven (2008) describes how these aspects should be applied to datasets when the variable of interest is WTP for health outcomes.
The sample selection criterion is concerned with author or publication bias occurring during the creation of the dataset. If the researcher is getting studies through citations in a few papers, then the dataset may be biased in favour of published or publishable results. When collecting data, there must be a standard search process that prevents such biases from occurring. This involves explicitly specifying the keywords and databases searched, along with how articles are selected. Out of the 140 meta-analyses, only 61 mention a selection criteria (Nelson and Kennedy 2009) . In health valuation this is of particular importance, since there is relatively little uniformity in research techniques across studies. A broad selection criterion may give too many different studies to compare. On the other hand, a restrictive selection criterion may give too few studies for a meaningful analysis (Van Houtven 2008) .
The basic data summary category is concerned with the explanation of the dataset itself. As in any empirical study, descriptive statistics and scatter plots of key variables help strengthen its validity. In a meta-analysis, since each observation carries a standard error with it, these standard errors can be weighted when making descriptive calculations. Standard errors are also used as weights in regressions (Van Houtven 2008) . Additionally, these weights allow for more accurate descriptives to be presented. This is not a common practice in economics papers, but it is in medicine meta-analyses. Hence only 14 of the 140 meta-analyses report weighted statistics (Nelson and Kennedy 2009) .
Primary data heterogeneity occurs because the observations come from different studies. This implies that each observation carries some (un)observed characteristic of the particular study from which it was drawn. Regression models aim to control for this heterogeneity. Being able to account for this heterogeneity, one can explicitly show how (and perhaps why) empirical results of the same nature differ from study to study (Van Houtven 2008) . Thirty-three of the 140 meta-analyses make use of OLS models that do not account for between-study heterogeneity (Nelson and Kennedy 2009 ).
Since observations are subject to heterogeneity, this means that the resulting variance of residuals is not constant across observations. In other words, the regression model may suffer from heteroskedasticity. If one controls for heterogeneity, then this should not be a problem (Van Houtven 2008) . It is also possible to approach this problem via robust or clustered standard errors. Robust standard error algorithms, such as the Huber-White estimator (White 1980) , are sufficient to deal with heteroskedasticity. Interestingly however, 46 of the 140 studies do not treat heteroskedasticity in their regression framework (Nelson and Kennedy 2009) .
The final aspect of evaluation is robustness checks. Robustness checks in applied econometrics are considered a 'tenth commandment' (Kennedy 2002) . This can be done by implementing different functional specifications in regressions (Van Houtven 2008) , excluding outliers and alternating regression models (Nelson and Kennedy 2009 ). However, in the 140 papers that are reviewed by Nelson and Kennedy (2009) , only 41 mention outliers; and of these 41, only 16 report a residual analysis. There is no mention of different functional forms (Nelson and Kennedy 2009) .
With these issues in mind, we consider three regression models to be utilized in our data analysis. The 'first port of call' in meta-regression models is the WLS (Nelson and Kennedy 2009 ). The WLS is a case of the OLS where the residual variance is assumed to differ across observations. In principle, this difference is due to an observed statistic. All other assumptions of the OLS, such as the independence of the error on explanatory variables, do not change. Hence, the function (in a simple case) can be:
where k is an individual observation and e k N(0, s 2 e /w k ), w k being the cause of heteroskedasticity across observations. In our case, this is a study-specific variable, such as sample size. If this is true, then Equation (1) is efficient and gives unbiased coefficients. Determining w k , especially for WTP observations, is not trivial. Standard practice is to use the standard error of each mean WTP observation as w k . However, nothing is claimed about the heterogeneity across studies in this case. Here too, we make the claim that all heterogeneity information is stored in the standard errors, although this may be too restrictive (Van Houtven 2008) .
If we want to analyse study effects, then we add in study dummies in Equation (1). A more systematic way of doing this is to assume that all studies are panels and then employ a panel model. With this, Equation (1) is expanded upon, and transforms to our second regression model:
The study index is denoted by j. Hence, observation k is found in study j. Here we assume e jk N(0, s 2 e ), which is independent across explanatory variables and m j . Since we know that study heterogeneity exists, the panel effects term (m j ) is considered to be random. Thus, m j N(0, s 2 m ) and s 2 m is the random effects coefficient. In principle, Equation (2) is sufficient to explain study heterogeneity. The Hausman test (Hausman 1978) can be employed to see if this effect is significant and, hence, random or fixed.
Note that the information on standard errors of mean WTP is now assumed to be in the random effects coefficient. The information of the standard errors can be incorporated by a weighting scheme. In Equation 2, we now assume e jk N(0, s 2 j ). This new variance term, which changes across studies, is dependent on the standard error of mean WTP. In other words, we account for study-level differences and weighting of mean WTP. This is the model used in Trapero-Bertran et al. (2012) .
This specific random effects model is sufficient to solve problems associated with metaregressions. We control for study heterogeneity and the resulting heteroskedasticity. However, we are bounded by only having one level of grouping. In the random effects model, the m i variable is an addition to the constant term b 0 , not the slope coefficients. What if observations are grouped into studies but studies are grouped in authors or countries? This requires accounting for grouping at a higher level. Additionally, what if we want to explicitly observe differences between groups using group-level variables? This means assuming that slope coefficients are random as well.
The mixed effects specification addresses both issues simultaneously. We expand Equation (2) to include an additional grouping level and random effects across explanatory variables. This expansion results in the third regression model of interest:
Authors or countries are denoted by the index i. Hence, observation k is found in study j which was conducted in country or written by author i. Naturally, each study must have occurred in one country. Note that the x 1 series changes at the observation level. This is contrary to x 2 and x 3 which change at the study and author/country levels. m i and m ij are random effects across the groups, which affect the constant term b 0 . Similarly, m ij (x 2ij ) and m i (x 3i ) are random effects across the variable series x 2 and x 3 respectively. They describe how the b 2 and b 3 slope coefficients change across groups. The error term has the standard assumption of e ijk N(0, s 2 e ). All random effects are assumed to be independent of the error term and each other (Konstantopoulos 2006) . Equation (3) provides a flexible framework where the sources of heterogeneity and heteroskedasticity can be examined. If we know that study and author/country level variables are causing nonconstant variance in the residuals, then we can account for these by adding in random effects. At the same time, we are able to capture any additional heterogeneity that may occur at levels other than the study. The strength of the model comes from its explanatory potential. While Equation (2) (and to some degree Equation ( 1) provides reliable output, they lack in explanation. Thus, we use the mixed effects model as our main regression specification.
In principle, the coefficients in Equation (3) are clean of any study and author/country effects. Therefore, we are able to utilize them in predicting the mean WTP to avoid malaria morbidity in other settings. This idea is the driving force behind benefit transfers: the benefit of avoiding malaria in a new policy setting can be estimated with the above-mentioned regression analysis (Kaul et al. 2013 ).
Existing disease valuation meta-analyses
Meta-analyses on the morbidity valuation of specific diseases are fairly recent. Before, there were many studies on WTP to avoid/reduce morbidity itself. For example, Johnson, Fries, and Banzhaf (1997) present a meta-analysis on how morbidity duration and severity impact valuation. WTP to avoid short-term morbidity is chosen as the variable of interest and is regressed on a health state index. After adjusting for between-study heterogeneity, the authors find that WTP is positively affected by severity and length of morbidity. Another example is Van Houtven et al. (2006) , which conclude that WTP increases with duration but less than proportionally so.
Trapero-Bertran et al. (2012) present a meta-analysis on WTP for malaria treatment. All mean WTP figures are converted to 2011 US Dollars. Although they have 59 studies, only 24 of them report standard deviations, which are used for calculating weighted WTP values in the analysis. The regression model is a random effects model where the observations are weighted by their standard error and the panel is identified by study. Mean WTP is regressed on variables regarding the study design, location, policy and country-average GNI per capita. The regression results are checked for robustness by running the same specification on the same variables minus sample properties (rural/ urban, years of education and country).
They conclude that mean WTP to avoid malaria increases with GNI per capita and is sensitive to the elicitation method used. Trapero-Bertran et al. (2012) underline the lack of data in malaria WTP studies. One particular concern is the inclusion or exclusion of true zero WTP values in the average reported WTP. They implicitly link the heterogeneity across studies to the fact that crucial information regarding the calculation of estimated WTP is often left out in study descriptions.
Contributions of this study to the existing literature
Our contribution is fourfold: database extension, definition of explanatory variables, modelling framework and results. None of these are in the previous meta-analysis.
We cleaned the database of double-counts. We identified multiple studies that make use of the same dataset and report the same results. Some results were reported in a working paper and then a journal article. Sometimes, the same results were used to underline a different phenomenon. We accounted for this by cross-checking survey location and data years between studies with the same authors. If the location and year matched, then the studies were screened to determine whether or not the same dataset had been used.
We also added new explanatory variables. We include household income, payment frequencies, respondents' age and altruistic policies. In addition to this, we also include revealed preference studies.
We used PPP-adjusted values rather than exchange rate adjusted values. This is because most studies in the database were conducted in rural areas of developing countries. Hence, the households' purchasing power is most likely not reflected in the official currency market. Using exchange rate conversion would underestimate the actual WTP in dollar terms; hence we use PPP conversion for a better comparison. The same conversion procedure is used for household income.
Malaria prevention and treatment are used interchangeably in the previous meta-analysis. We do not, and check if there is a difference.
Meta-regressions are prone to be sensitive to model specification (Nelson and Kennedy 2009 ). We employ a mixed effects model and compare it to other models that are its special cases (WLS and weighted random effects). We test which model variant fits best, and run further specification tests.
We add new results to the determinants of WTP to prevent/treat malaria, taking our hypotheses based on the morbidity valuation and other economic valuation literature.
Data collection procedure
In collecting the data, an extensive literature search was conducted using Google Scholar, EconLit, IngentaConnect, JSTOR, PubMed and Web of Science databases. Five sets of keywords were utilized: 'Willingness to Pay Malaria', 'Contingent Valuation Malaria', 'Revealed Preferences Malaria', 'Economic Valuation Malaria' and 'Stated Preferences Malaria'. More often than not, a typical search returned more than 100 studies at a time. In Google Scholar, only the first 10 pages of results were considered (10 results per page). In other databases, the maximum number of articles considered per search result was 200.
80 papers were selected and 78 of them downloaded. The remaining two papers were identified by the search but were not accessible 1 . Emails were sent to the authors requesting the papers, but no reply was received, also not after sending reminders.
Twelve papers were eliminated because WTP was not estimated, and five did not report it. In five cases, the same study had been downloaded multiple times (working paper, technical report, journal publication, etc.). The final publication version was used. In another case, the same WTP for the same treatment policy from the same sample was used in different papers by the same authors. These too were discarded to avoid double-counting. However, WTP for different policies were treated as separate observations even when based on the same survey.
A total of 55 papers remained (see Table A3 in Appendix). Some of the eliminated studies were included in the analysis presented in Trapero-Bertran et al. (2012) , so we cannot replicate their results.
Out of these 55 studies, 192 mean WTP values were extracted. Four of these values (Lertmaharit, Kamol-Ratanakul, and Saul 2000) could not be used, because the date of the data collection is not specified.
Data summary
Mean WTP to avoid malaria morbidity
Since avoiding malaria can be avoided in many ways (bed-nets, health-care, pesticides, etc.) with different payment frequencies, standardization is crucial. Every WTP and monetary figure is expressed in 2012 international US dollars (calculated with the Geary-Khamis method). The PPP conversion factor and GDP deflator data are taken from the World Bank. WTP is converted into a value per product or service offered. That is, if a paper reports a mean WTP of 100 dollars for 2 pesticide programmes, the number is divided by 2. In some WTP studies, respondents were asked for one-off payments, but we interpret these as repeat payments if the impact is transient. For example, we assume that payments for a malaria vaccine which is effective for 2 years only is renewed every two years. Payments for an indefinite vaccine are treated as a one-off payment. We use dummies for monthly, quarterly, yearly and one-off payments. We assume that payments are one-off, unless stated otherwise. Trapero-Bertran et al. (2012) did not standardize stated WTP values and so our results are hard to compare to theirs.
Key explanatory variables
The key explanatory variables were selected according to what was found in the morbidity, mortality and environmental valuation literature:
. Income: more income implies a higher WTP value (Asafu-Adjaye and Dzator 2003; Onwujekwe et al. 2006; Udezi, Usifoh, and Ihimekpen 2010) . Additionally, we expect an inelastic relationship between income and mean WTP (Bosello, Roson, and Tol 2006) . . Revealed Preferences: WTP is reported to differ between revealed preferences and stated preferences (Kennedy 2002) . People may overstate their WTP (Bateman et al. 1995) . Hence, we expect a lower WTP if revealed preferences are used. Pooling revealed preference and stated preference data into the same regression is equivalent to merging Marshallian and Hicksian value estimates. This problem is overcome by coding revealed preference studies into the regression models through a dummy variable. . Elicitation Method: Different methods often produce different values of WTP, with discrete choice methods producing higher values than open-ended questions or payment cards (Bateman et al. 1995) . For an explanation of all CV elicitation methods used, see Table A1 in Appendix. . Payment Frequency: One-off payments result in higher mean WTP values than annual payments (Loomis and White 1996) and monthly payments yield a higher WTP than annual payments (Spaninks and Hoevenagel 1995; Pearce et al. 2002) Evans 1990). The WTP value deriving from this framework does not account for the method of going from one health state to another. For example, a treatment that has a 90% likelihood of success and a prevention that has 90% effectiveness have identical WTPs, since the final expected outcomes are the same ('healthy' utility with 90% probability). The second approach considers individuals being biased in their projection of different utility states. A healthy agent is more likely to over-project the loss of utility due to being sick, whereas a sick agent possibly under-projects the gains from being healthy. The healthy agent can be overprojecting due to loss aversion and the sick agent can be under-projecting because they have adapted to being sick (Loewenstein, O'Donoghue, and Rabin 2003; Dolan and Kahneman 2008) . Under this approach, the above-mentioned prevention should have a higher WTP than the treatment policy. . Control: The WTP for reductions of mortality risk changes with the perception of control. For example, WTP for reducing car accident death probability is less than WTP for reducing the risk of dying from bronchitis (Viscusi, Kip, and Huber 1987; Viscusi, Magat, and Huber 1991) . We test whether the locus of control affects WTP, distinguishing between private and community interventions. . Age: Age has a non-linear impact on mortality valuation, for reasons that are still under discussion (Krupnick 2007 ). . Altruism: We define altruistic policies as those that have a benefit to the surrounding households.
Thus, we expect free-riding to occur and hypothesize altruistic policies to be valued less than other policies. . Publication Type: We test for differences between mean WTP values across different types of publications. Publication selection bias, i.e. only high WTP estimates being selected for journal publication, is a concern in meta-analyses. We compare WTP outcomes between journal publications and non-journal publications. If there is a bias, then WTP estimates from non-journal publications should be systematically lower than estimates from journal publications. (2012) . There is some common ground, but we add and take away from their variable list. For example, we do not include rural/urban and years of education. This is because we have included the household income variable, which can be influenced by years of education and location of the household. Moreover, education data is too noisy. Some papers give years of education, others indicators or dummies (e.g. literacy). One important variable of interest is the effectiveness of each policy. This is not included because not all papers reported the effectiveness rate of their proposed interventions. We attempted to gather effectiveness information from external sources. However, the gathered data was too few, making a regression analysis non-viable. Therefore, we leave out the effectiveness of each policy of our database. Table 2 gives an overview of differences in mean WTP across subgroups. From left to right first the statistics weighted by standard errors, reported in the papers, are presented, followed by the nonweighted statistics. Although the weighted statistics are lower, the confidence intervals shows that this difference is not significant at the 5 per cent level. The weighting produces more consistent statistics, since information regarding study effects is incorporated. Table A2 , in the appendix, presents descriptive statistics for all variables.
Descriptive statistics
The overall mean WTP is close to 40 US Dollars per year (2012, PPP). This number is not statistically different from the mean WTP for only one-off policies. There is some preliminary support for our hypotheses. Mean WTP is significantly higher for private interventions for public 2 and community interventions. Altruistic mean WTP is much lower than overall mean WTP, again in line with our hypothesis. Treatment and prevention valuations are different with prevention showing higher valuation results.
Analysis
Replication of Trapero-Bertran et al. (2012)
We adjusted some data in order to replicate the results presented in Trapero-Bertran et al. (2012) . We make monetary conversions by exchange rate, choosing 2012 as the target year (as opposed to 2011 in the previous study). This should not have any discernible impact on the relations between the covariates and the dependent variable. We still keep the per policy conversion, which was not done in the previous study. Also, we omit the double counts from our analysis, which is also different from the previous study. Table 3 gives the replication output, where the reduced and extended models are in line with the specification in the previous study. The regression model is the weighted random effects model, as shown in Equation (2). This is the same model used in the previous meta-analysis. Thus, the only differences are the dataset (we have 39 more observations after omitting double-counts) and monetary conversion. We also include the regression results from Trapero-Bertran et al. (2012) .
We largely fail to replicate the results reported in Trapero-Bertran et al. (2012) . One result that we successfully reproduce include insecticide-treated nets being valued higher than other prevention goods or methods. Another is that the open-ended CV elicitation method yields lower WTP values than the bidding game method. Although the databases are different (see Table A3 in Appendix), this underlines how sensitive results can be, especially in meta-analyses (Nelson and Kennedy 2009 ) and motivates the importance of conducting sensitivity analyses and subjecting the model to different regression specifications. Table 4 gives the output of our regression analysis. Columns 1 and 2 are the WLS and weighted random effects models, respectively. Both regression models are weighted by the standard error of the mean WTP statistic. Column 3 presents the mixed effects model. It accounts for study and author effects, nullifying the need to weigh observations by standard errors. Column 4 presents the outcome of the mixed effects model without residual outliers. An outlier is defined as being more than two standard deviations away from the mean residual (Bellavance, Dionne, and Lebeau 2009) . Both columns 3 and 4 have coefficients that have standard errors calculated by the Huber-White estimator to control for heteroskedasticity (White 1980) .
Main regressions
A finding is consistent if we observe it throughout all the columns in Table 4 . This means that the result is robust to different model specifications and not driven by outliers. We discuss the results from the mixed effects regression (column 3). The range of the coefficient, from the other models, is given in the parentheses.
In all columns, the dependent variable is the logarithm of mean WTP (log(mean WTP + 1)). The baseline category consists of studies on services, with one-time payment mechanism, that are not done in Nigeria and are stated preferences using the SBDC elicitation procedure.
. Income: The income elasticity is the coefficient of the income variable, since we use a log-log specification. The income elasticity is 0.52 (0.29-0.52), implying that a 1 per cent increase in household income, ceteris paribus, will lead to a 0.52 per cent increase in mean WTP to avoid malaria morbidity. This validates global climate change models that assume income elasticity for vector-borne diseases, such as malaria, to be less than 1 (Tol and Heinzow 2003; Bosello, Roson, and Tol 2006) . (2012) are publicly available in the paper.
. Age: As expected, the impact of age is non-linear. The regressions show that people above the age of 31.32 (30.73-48.07 ) have increasing WTP with each passing year. Before this cut-off, the marginal impact of age is negative. The age variable ranges from 24 to 58, with an average of 40. Hence, most of our sample is above, or close to, the cut-off. This is in support of the VSL literature findings (Krupnick 2007) . To see an illustration of the impact of age, and a justification of the linear and logarithmic specification, see Figure A1 in the appendix to this paper. . Altruism: The coefficient on the altruism dummy is −0.84 (−0.84 to −1.40). This indicates that altruistic policies, on average are valued 56.9% (56.9-75.3%) less than non-altruistic policies. This suggests that agents may free-ride on public goods, reflected in the decrease of mean WTP. Intuitively, non-altruistic policies should mainly concern goods, do to their rival nature. However we find no correlation between altruistic policies and goods through a chi-squared test (p-value > .1) 3 , alleviating the need to add an interaction term. . Revealed Preferences: The coefficient of the revealed preferences dummy is −1.70 (−1.53 to −3.30). This indicates that revealed preference studies, as opposed to stated preference studies produce 81.8% (78.3-96.4%) lower WTP values. This result should be approached with caution, since only one study (Hoffmann, Barrett, and Just 2009) provides revealed preferences data. . Payment Frequencies: Mean WTP for annual payments is, as expected, lower than one-off payments. We find no consistent impact of monthly and quarterly payments. Annual payments lower mean WTP by 58.4% (48.5-58.4%). This is consistent with the environmental valuation literature findings, indicating that respondents discount future benefits (Loomis and White 1996; Pearce et al. 2002) . Table 4 . Results across regression model specifications.
(1) (2) (3) We find no consistent differences between treatment and prevention. Although we have significant treatment coefficients in some regression models, these are not consistent throughout the entire analysis. Indeed, the difference is negative in some specifications and positive in others. We find similar inconsistent results for the inclusion of zeros, if the study was carried out in Nigeria, goods instead of services and if the publication was a technical report instead of a journal article.
Heterogeneity due to author and study random effects are controlled for in the mixed effects regressions. When author effects are taken into account, the reported study effects become very small in magnitude. This provides evidence that any heterogeneity across studies by the same (corresponding) authors is driven by the researchers.
Although the mixed effects regression is put forward as the most preferable specification due to its flexibility, this is not enough to declare it as a strictly superior model. In order to compare the regression models, we apply another metric, namely its predictive power. Therefore, if a model is 'better' than another one, this means that is more suitable for using in predictions. A numerical comparison is done in the next subsection.
Comparison of model predictive power
We perform an out-of-sample test as a cross-validation exercise (Osborne 2000) . Many out-ofsample tests have been developed and are widely used in meta-analysis literature (e.g. Brander and Florax and Vermaat 2006; Lindhjem and Navrud 2008; Vista and Rosenberger 2013) . To the best of our knowledge, this particular test is the first implementation in the literature. The cross-validation exercise is done as follows. A random 80 per cent of the sample is taken and the regression models from equations 1 to 3 are run, just like the first three columns in Table 4 . The result of these regressions are then used to predict the mean WTP values of the remaining 20 per cent of the sample. Then, the root mean sqaured error is calculated, as such:
where N is the size of the test sample. Y i denotes the observation whileŶ i denotes the predicted value. Therefore, a lower s p constitutes a higher predictive power. This is similar to the leaveone-out test done in many meta-analyses (e.g. Brander et al. (2012) ). For each regression model, this exercise was repeated 10,000 times in order to get a distribution of the s p for each model. Before every run, the control (80 per cent) and test samples are determined randomly. A variable, which changes across observations with the uniform distribution between 0 and 1, is created for all observations. All observations below 0.1 or above 0.9 are considered the test sample, while the others are considered the control sample. Once the s p is calculated and stored, the variable with the uniform distribution is deleted, re-created and the process is repeated.
In Table 5 , we can see the distribution of the root mean squared error(s p ) per model, along with some distribution statistics.
At first glance, the weighted random effects outperforms the mixed effects in terms of predictive power. The average s p is smaller by an order of 10 (0.049 versus 0.472). However, the maximum s p calculated with the mixed effects is almost half the one for the weighted random effects (2.412 versus 1.444). Hence, mixed effects does better in minimizing the maximum error made. For conducting benefit transfers, the test statistic suggests that the weighted random effects model is more suitable than the other models.
Even though the mixed effects does better in terms of model flexibility, as shown in Section 2, and in minimizing the maximum prediction error. The weighted random effects model does better in minimizing the overall prediction error.
One reason why the mixed effects could be preferred as a benefit transfer function specification is the distribution of the s p values in Table 5 . They are more symmetric-looking than the weighted random effects, making any benefit transfer error easier to handle.
Conclusion and discussion
Our main research focus is to see what explains mean WTP to avoid morbidity risk due to malaria. The research question implies looking only at malaria prevention, but we look at malaria treatment as well. We improve the analysis, with respect to the initial study (Trapero-Bertran et al. 2012) , by using better data, having stricter variable definition standards, implementing a more comprehensive regression analysis and reaching new conclusions.
Our overall contribution can be split into four parts. We make use of more variables in the database and make sure to eliminate double-counts. By using a more detailed database, we control for important variables of interest and reduce potential omitted variable bias. This includes PPP conversions, payment frequency dummies and identifying potential pre or post morbidity differences in valuation. We consider the sensitivity of results in meta-regressions as an issue (Nelson and Kennedy 2009 ) and hence use different regression specifications, robustness checks and cross-validation. Lastly, we find consistent results, of which some are new to the morbidity literature, in particular the impact of age on mean WTP and lower mean WTP for altruistic policies rather than privately consumed goods.
Conclusion
We hypothesize that income will have a positive effect, while revealed preferences and having more frequent payments will have negative effects. These three hypotheses are supported by the regression analysis. Additionally, Nigeria and the inclusion of zero WTP values are shown to have no impact, confirming the findings in Trapero-Bertran et al. (2012) .
Differences across CV elicitation methods are not observed consistently. This is unexpected, since different CV elicitation methods are known to give different results (Bateman et al. 1995) . If we observe a significant effect with less residual noise, this indicates that the true effect might not be detected in the other models due to high residual variance. This explanation is supported by our small sample size. The literature suggests there are differences, but our sample size may not be big enough to detect them.
We also add new hypotheses based on mainstream economics and the mortality literature. One of these hypotheses is that age has a non-linear impact on mean WTP. This hypothesis finds support in the fact that the regressions show a consistent non-linear impact of age on mean WTP. The positive portion of this impact, valid for people above 30 years of age, is under discussion in the literature. One explanation is that this age is where most families look after children who are more vulnerable to the effects of malaria than adults (Krupnick 2007) . Since the data on the number of children per household is incomplete, we were unable to include more control variables in the regression models, thus we cannot check for this. Another new hypothesis is that altruistic policies are valued less than non-altruistic ones because of free-riding. The regression analysis supports this hypothesis, suggesting that altruistic policies are treated more as public goods by the households. This result could also be due to protest voters, since the household may be seeing community policies as the responsibility of the government (Fonta, Ichoku, and Kabubo-Mariara 2010) . However, the protest zero rates are not explicitly reported in all papers, thus we cannot check or control this possibility.
Health-state dependent expected utility theory implies that WTP should not change with respect to an agent's initial health status (Viscusi and Evans 1990) . In other words, pre and post morbidity valuation should not be different from each other, because the sick state utility function does not consider reference points to be important. Alternatively, prevention can be valued more than treatment due to projection bias (Loewenstein, O'Donoghue, and Rabin 2003; Dolan and Kahneman 2008) . Since we fail to find that treatment and prevention WTP's are statistically different, our results are supportive of the mainstream expected utility theory. However, since the households in these studies are from malaria endemic areas, it is not unlikely that they have some idea of the discomforts of malaria, hence have less projection bias. We cannot see what happens in non-malaria endemic areas, since there are no studies conducted outside endemic areas.
Based on the mortality literature, WTP to avoid mortality risks can change with how much perceived control the respondent has over the particular risk (Viscusi, Kip, and Huber 1987; Viscusi, Magat, and Huber 1991) . We test this result in malaria morbidity valuation by looking for differences in WTP between goods and services. The regression analysis fails to show consistent statistical significant difference. It should be noted though that the mixed effects models show that goods are valued, on average, more than services. However, this is not evident in the other regression specifications.
Discussion
It is clear that this paper is not a reply to Trapero-Bertran et al. (2012) . Though this previous study provides a reference point, the approaches are fundamentally different. We compare results across three different regression models, do a sensitivity check and a novel test of predictive power. Trapero-Bertran et al. (2012) considers one regression model and varies it by the number of covariates. Their analysis is not carried further. Moreover, we are not able to replicate their results, due to slight differences in the datasets used. This is telling of how sensitive results are to the dataset used in any empirical work, especially meta-analyses, thus requiring rigorous robustness checks.
An extension of our robustness checks becomes a cross-validation to select the best-performing model. As shown in Table 5 , the weighted random effects was superior in prediction but mixed effects had a better dispersion of prediction error. This calls for a careful selection of distributional assumptions made on the error term in transfer functions. A symmetric distribution can be better justified for the mixed effects than for the weighted random effects function. Further studies can also integrate cross-validation to fine-tuning variable selection in transfer functions.
Our conclusions and contributions are constrained in a number of ways. First of all, the results here are valid for malaria endemic areas only. We can try to transfer these benefit values to nonmalaria endemic areas, but the prediction error is expected to be high. Another limitation is that we do not have enough data from the papers to further explain our main results. We only identify significant effects to mean WTP but are limited in explaining the channels through which these effects occur. A clear example is age, where we have a consistent result but no clear channel. Hence, the analysis here is open to extensions and improvements. Notes 1. Legesse et al. (2007) and Adepoju, Ogunmodede, and Oyekale (2012) . 2. The stated preference studies collected focused on private and public policies in preventing/treating malaria.
Public policies always included services (e.g. spreading pesticide) and private policies always included goods (e.g. bednets). Since the incentive structures are different for publis and private policies, we separate them through a dummy in the regression models. Public (private) policies are referred to as services (goods) due to the previous explanation. 3. The test was run for the sample used in the regression models.
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